Abstract Knowledge on environmental variability and how it is affected by disturbances is crucial for understanding patterns of biodiversity and determining adequate conservation strategies. The aim of this study is to assess environmental variability in patches undergoing post-fire vegetation recovery, identifying trends of change and their relevant drivers. We particularly evaluate: the value of three spectral indices derived from Landsat satellite data [Normalized Burn Ratio (NBR), Normalized Difference Vegetation Index (NDVI) and Wetness Component of the Tasseled Cap Transformation (TCW)] for describing secondary succession; the effectiveness of three metrics (diversity, evenness and richness) as indicators of patch variability; and how thematic resolution can affect the perception of environmental variability patterns. While the system was previously characterised as highly resilient from estimations of vegetation cover, here we noted that more time is required to fully recover pre-fire environmental variability. Using mean diversity as indicator of patch variability, we found similar patterns of temporal change for the three spectral indices (NBR, NDVI and TCW). Analogous conclusions could be drawn for richness and evenness. Patch variability, measured as diversity, showed consistent patterns across thematic resolutions, although values increased with the number of spectral classes. However, when the variance of diversity was plotted against thematic resolution, different scale dependencies were detected for those three spectral indices, yielding a dissimilar perception of patch variability. In general terms, NDVI was the best performing spectral index to assess patterns of vegetation recovery, while TCW was the worst. Finally, burned patches were classified into three classes with similar trends of change in environmental variability, which were strongly related to fire severity, elevation and vegetation type.
Introduction
Understanding patterns of species diversity and their causes is a traditional theme in ecology (Peet 1974; Huston 1994) . Nevertheless, in the current context of loss of biodiversity and decreasing supply of ecosystem services (Schröter et al. 2005) , it has additionally become an urgent matter of environmental, social and political concern. The occurrence of a species at a site depends on environmental variability, which determines: (1) the range of suitable habitats; (2) their spatial configuration, which influences ecological processes as migration or competition; and (3) their variation over time (Dufour et al. 2006) , which is associated with disturbance and succession. Disturbance has been assumed to be one of the most important factors driving species diversity (''intermediate disturbance hypothesis'' by Connell 1978 and others), even if this relationship has been demonstrated as less consistent than expected (Mackey and Currie 2001) and dependent upon the spatial scale of measure (Hammer and Hill 2000; Dumbrell et al. 2008 ). Consequently, a better knowledge of environmental variability at varying scales, dynamics and drivers of change are crucial for understanding diversity patterns in disturbed landscapes and determining adequate conservation strategies.
In the Mediterranean Region, fire is probably the main disturbance (Lavorel 1999) , shaping landscapes at different spatio-temporal scales . In this area fire frequency has increased (Moreno et al. 1998; Pausas and Vallejo 1999) as a consequence of climatic factors (i.e. coincidence of hot and dry seasons and precipitation variability). Another factor is the accumulation of fuel loads subsequent to land abandonment, which results in landscape homogenization . Fire has a complex effect on vegetation regeneration, mainly due to differential responses to fire regimes (Wittenberg et al. 2007; Groeneveld et al. 2008) . In this sense, Keely et al. (2005) evaluated four hypothesis (see also Bond and van Wilgen 1996) finding that post-fire recovery patterns are determined by: (1) fire severity and post-fire fluctuations in precipitation (''event-dependent hypothesis''); (2) length of the fire free period, which affects reproductive failure and fuel accumulation (''fire interval hypothesis''); (3) internal density-dependent control, which regulates the change from herbs to woody species (''self-regulatory hypothesis''); and (4) extrinsic environmental factors that vary spatially (''environmental-filter hypothesis''). As a result of both disturbance and succession working in changing conditions, landscape becomes a heterogeneous mosaic of patches with different burning histories, which may enhance its biodiversity (Keely et al. 2005 ). Since recurrence is high and recovery is quick (due to resprouting abilities or seed bank persistence), Mediterranean mosaics are highly dynamic (Trabaud and Galtié 1996, Díaz-Delgado and Pons 2001) .
Furthermore, the perception of landscape complexity (i.e. patterns and associated processes) can be problematic because it depends on mapping decisions (Arnot et al. 2004 ). Landscape pattern measures may vary depending upon choices on spatial, temporal and thematic scales (Levin 1992; Wu 2004; Saura 2004) . However, whilst ecologists are aware of the effect of spatio-temporal scales, few studies have investigated how thematic resolution affects the understanding of the reality. In this sense, Bailey et al. (2007a, b) and Buyantuyev and Wu (2007) demonstrated that different spatial pattern characteristics can be identified at different thematic resolutions. Since there is no single optimal thematic resolution in geospatial information, multiscale analyses based on biological traits are required when assessing relationships between landscape structure and species behaviour (Baudry and Burel 1997) . For example, coarse thematic resolutions are suitable when analyzing highly mobile or generalist species, which perceive less detail in landscape. By contrast, detailed resolutions are more appropriate for species with small movement capacity or with a preference for homogeneous habitats, which perceive more landscape classes .
Classical studies monitor a small number of local fire events for a few years. This make difficult to infer patterns at larger spatial and temporal scales (Röder et al. 2008) . At the present, the use of spectral indices derived from multi-temporal satellite data is becoming widespread to assess long temporal changes in full sets of landscape elements. In the study area, fire scar mapping (Lozano et al. 2007a) , fire risk modelling (Lozano et al. 2007b (Lozano et al. , 2008 and vegetation recovery (Lozano et al. 2005 ) have been successfully characterized using three spectral indices: Normalized Burn Ratio (NBR) (Key and Benson 1999) , Normalized Difference Vegetation Index (NDVI) (Rouse et al. 1973) and Wetness Component of the Tasseled Cap Transformation (TCW) (Crist and Cicone 1984) . NBR is applied for fire mapping, fire risk modelling and severity estimation. It maximizes reflectance changes related to fire events, since nearinfrared reflectance (NIR) decreases due to vegetation removal and mid-infrared reflectance (MIR) increases with the amount of bare soil. NDVI is likely the most widely utilized index in vegetation applications, showing reasonably good results in all phases of the fire cycle. It separates green vegetation from other surfaces because chlorophyll absorbs red light and reflects NIR wavelengths. TCW is one of the bestperforming spectral indices for monitoring post-fire recovery. It contrasts visible and NIR wavelengths (where light absorption by water is low) to SWIR (short-wave infrared) and MIR bands (where that absorption is much significant). In most cases, spectral indices are used as continuous values to characterize vegetation, or converted into Boolean variables by means of the application of particular thresholds to map different landscape elements. Here we explore the advantages of reclassifying spectral values into several classes to describe landscape under different thematic resolutions, avoiding the uncertainty problems associated with misclassification in categorical maps (Shao and Wu 2008) . These data will form the basis for calculating patch variability by applying different metrics based in estimations of diversity, since they might give rise to different conclusions (Yue et al. 2005) . Diversity metrics (Magurran 2004) have been widely used when characterizing post-fire recovery at a local scale (e.g. Calvo et al. 2002; Arnan et al. 2006 ) but they have been used less often in combination with spectral indices at a large scale.
The general aim of this study is to detect changes in environmental variability in patches affected by post-fire recovery, evaluating the effect of applying different patch metrics, Landsat spectral indices and thematic resolutions. More specifically, we try to: (1) Compare the effectiveness of each spectral index for assessing vegetation recovery and then environmental variability (measured as diversity and its components: richness and evenness); (2) Evaluate the role of thematic scale (i.e. reclassification choices to define spectral classes) on the results, looking for scale dependencies; (3) Identify types of temporal change in patch variability and their environmental drivers.
Study area
The study area is the Natural Park of Lago de Sanabria y Alrededores, located in north-western Spain (Fig. 1) , which comprises about 23,000 ha. Landscape pattern is patchy as a consequence of a long history of fire events and human activities. At elevations ranging from 900 to 1,300 m.a.s.l. (where most of local population lives), woodlots of Quercus pyrenaica and riparian communities of Salix spp. occur in a matrix of mixed shrubland (mainly Erica spp. and Genista spp.). At higher elevations (1,300-2,100 m.a.s.l.), where topography is steep, the main landscape element is a fire-adapted heathland community dominated by Erica australis and, to a lower extent, Calluna vulgaris. Fire events, the main problem for wildlife conservation, take place very frequently during early spring (mid-late March) and summer (July to late September). Fire ignition is mainly attributed to the local population (about 90%, Gutierrez, pers. com.), which has been using fire for centuries to manage vegetation. During the study period (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) , 24.90% of the area was burned once, 4.75% twice, 0.40% three times and 0.05% up to four times. See Lozano et al. (2007b) for a more detailed description. 
Materials and methods
A general scheme of the methodology developed in this paper can be found in Fig. 2 .
Satellite data, maps of burned areas and patch selection One Landsat image was acquired for each year throughout the period 1991-2005 (eleven TM and four ETM ? images) covering the Natural Park. Most of the images were taken in late summer (August and September) in order to consider the majority of the burning season. Geometric correction (Palá and Pons 1995) was based on ground control points (at least 50) defined on the un-referenced images (50 9 50 km) with the support of ortophotographs at 70 cm (year 2000). 60% of the points were used to estimate the geometric fit (second order 3D polynomial) and the remaining 40% for validation purposes. The resampling option was the Nearest Neighbor Algorithm. The sub-pixel georectified images were then radiometrically corrected using the algorithms proposed by Markham and Barker (1986) and Moran et al. (1992) . Atmospheric correction was based on the default transmittance method proposed by Chávez (1996) . Down-welling transmittance values for bands 5 and 7 were taken from Gilabert et al. (1994) , whose study area had similar atmospheric conditions to our site. Topographic correction was based on a non-lambertian empirical model, the C-correction method (Riaño et al. 2003) , derived from the approach of Teillet et al. (1982) . Radiometric normalisation of the time-series using pseudo-invariant scene features (Hall et al. 1991) enabled a reliable intercalibration between TM and ETM ? images to a common reference image. Maps of burned areas for 1992-2005 (Lozano et al. 2007a) were derived from Landsat images by means of the differenced Normalized Burned Ratio (dNBR). Overall accuracy was 88.39%, commission error 10.09% and omission error 14.37%. Patches were defined as spatial aggregations of pixels with the same fire history (i.e. recurrence and year of fire event). Spatial continuity within a patch is maintained considering the eight neighbors of each pixel. A sample of ten patches was randomly selected for each year. We only considered patches burned once during the study period, since the effect of fire recurrence on environmental variability is not the subject of this paper. Due to low fire occurrence, years 1993, 1996, 2003 and 2004 were excluded, leaving 10 years for further analysis. The final number of studied patches was 100 (10 patches 9 10 years). Mean patch size was 23.89 ha (SD = 50.38), 48.2% of which covered 5-10 ha, 30.0% 10-20 ha, 11.8% 20-50 ha, 6.1% 50-100 ha and 3.9% more than 100 ha.
Definition of classes at various thematic resolutions from different spectral indices
In order to measure patch variability from spectral indices, continuous values have to be reclassified into classes, the number of which is dependent on thematic resolution. Three spectral indices were used: NBR (Eq. 1), NDVI (Eq. 2) and TCW (Eq. 3).
q NIR , q RED and q SWIR are the reflectance of near infrared, red and short-wave infrared bands, respectively. TM x stands for the channel reflectance of Thematic Mapper Sensor.
Values of each spectral index were grouped into five, nine and 13 classes, thus reflecting three different thematic resolutions. Since each index has Steps, databases and statistical analysis are represented in rectangular boxes, cylinders and ovals, respectively a different range of values which can make the assemblage and interpretation of the classes confusing, linear regression analysis was used to transform spectral data into more understandable and comparable field vegetation cover values (see Table 1 ). Vegetation was recorded in 21 patches in late summer 2005. We measured total vegetation cover as the sum of all vertical layers above the soil (if more than one layer exists, then vegetation cover can be higher than 100%). The sampling strategy was based on two factors: time elapsed since the last fire and size of fire scars. Five experimental units (30 9 30 m) were randomly distributed within each patch, so that they corresponded spatially to pixels in the satellite images. In patches bigger than 50 ha, up to eight units were defined to account for higher internal heterogeneity. Within each experimental unit, we systematically defined five sampling units of 1 m 2 : one in the middle and one in each of the diagonals. Overall, we measured 111 experimental units and 555 sampling units.
Patch variability metrics, general dynamics and scale dependencies
To assess temporal changes in patch variability from the year before the fire event (x -1) until the seventh post-fire year (x ? 7), we utilized spectral data to calculate three metrics: diversity, richness and evenness, evaluating their role as indicators of environmental variability. Diversity (H 0 ) was measured by means of an adaptation of the Shannon index (Eq. 4; Shannon and Weaver 1949) using spectral class frequency as input data. Richness (S) was calculated as the number of spectral classes in a given patch. Evenness (J 0 ) was the pixel equi-distribution among spectral classes (Eq. 5). The procedure was coded in MatLab (MatLab 2004).
where p i is the probability of each pixel to allocate into each spectral class. E{A, B, …, i, …, T} are spectral classes.
where H 0 is the diversity and H 0 max is the logarithmic value for richness.
If fire shows a heterogeneous pattern of severity, we expect a high number of spectral classes and, therefore, a high value of diversity, richness and evenness. Parallel reasoning can be applied to vegetation recovery. Conversely, low values of diversity, richness and evenness will be linked to homogeneous patterns originated from very intense/ weak disturbance/recovery processes.
Diversity values (H 0 ) were specifically used to explore the existence of scale-dependencies between spatial patterns and thematic scale. The observation of a phenomenon shows a scale dependency when its mean intensity varies with scale. If a statistical relationship exists between the scale and the variable under analysis, it is possible to undertake scale transfers (i.e. to translate the mean value of the phenomenon to a certain scale from values obtained at another) (Wiens 1989; O'Neill et al. 1991; Auger et al. 1992; Peters et al. 2007 ). In order to detect scale dependencies, the variance of the annual mean diversity (caused by disturbance or recovery, according to the year: x -1, x, x ? 1, …, x ? 7) was plotted, for each spectral index, against thematic resolution. A break in the slope variance/scale will indicate differences in the perception of the process across thematic resolutions. We then tested whether the slopes of the lines either sides of the break were significantly different by To identify groups of patches exhibiting similar temporal trends in environmental variability, we stored the mean values of Shannon diversity (H 0 ) from the year before the event to the fifth post-fire year for the three spectral indices (NBR, NDVI and TCW) and the thematic resolution selected in the previous step. Here we only used 70 patches, corresponding to fires occurred between 1992 and 2000 (1993 and 1996 were excluded because of low fire occurrence, and the years after 2000 because of a short regeneration period with available data). The implementation of a hierarchical cluster analysis allowed groups of patches with similar dynamics to be defined for each spectral index. These dynamics were clustered using relative Euclidean distance and Ward's method, setting the minimum agglomerative coefficient for group consideration as 80%. Ward's clustering method minimizes within group variance relative to between group variance (van Tongeren 1995). Next, the clusters identified in the previous step were re-grouped into the final classes. Analyses were undertaken in R statistical package (R 2.4.1. 2006) .
In order to understand the drivers behind the identified dynamics, we used the Random Forest Algorithm (Breiman 2001) from a set of eleven environmental variables likely to be related to recovery responses (Table 2 ). These variables describe: (1) frequency of the vegetation types most affected by fire events in the surroundings of a given pixel, (2) topography and (3) patch features related to the fire regime. All these variables were calculated at pixel level and then averaged for each patch (except patch area). Regarding the estimation of fire severity, the standard deviation was also considered because it is related to the spatial variability generated by the disturbance. The Random Forest procedure is based on classification and regression trees. Each node is split by the best predictor selected from a subset of randomly chosen predictors. This method performs very well when compared to other classifiers in discriminant analysis, support vector machines or neural networks and is robust against overfitting (Breiman 2001). In addition, only two parameters must be set by the user (number of variables in the random subset at each node and number of trees in Fire-related parameters Severity_mean Mean of fire severity (estimated as the change of the NBR value) for pixels included in the patch Severity_std Standard deviation of fire severity (estimated as the change of the NBR value) for pixels included in the patch Area Burned patch area (ha) the forest), being the method not very sensitive to their values (Liaw and Wiener 2002) . We established the number of trees to be created in 50,000 iterations. The number of variables to be considered in each split that minimized fit error (assessed by the out-ofbag observations) was then calculated by means of an iterative procedure that, in addition, identified and removed outlier observations. Finally, we ran the algorithm and explored the error rate of the resulting model and the importance of each variable measured as: (1) prediction accuracy of the out-of-bag portion of the data compared to other variables (mean decrease in accuracy), and (2) decrease in node impurities (mean decrease Gini).
Results

Temporal changes in patch variability: the role of spectral indices, patch metrics and thematic scale
Mean diversity (H 0 ) showed similar patterns of temporal change across thematic scale, although values increased when the number of spectral classes was higher (Fig. 3) . It must be highlighted that diversity drastically increased within the fire year (associated with the spatial heterogeneity generated by disturbance), decreasing then abruptly and stabilizing to the seventh post-fire year. The level of diversity reached at the end of the time span was always higher than that measured in the pre-fire state.
Comparing diversity values obtained from the three spectral indices (Fig. 4) , we found coherence among them, with NDVI always showing the highest values and TCW the lowest. However, some differences could be observed: NDVI-based values were quite similar for the year of the event and the first post-fire year, slowly decreasing in subsequent years, and almost equalling the values measured the year before the fire. However, TCW and NBR performed dissimilarly, as they showed differences among the year of the event and the following year. Moreover, they revealed higher values of diversity at the end of the recovery time series in comparison with the pre-fire situation. The same results were found for all thematic resolutions.
Analogous conclusions could be drawn for richness (S) and evenness (J 0 ) (Fig. 5 ) when compared with diversity (H 0 ) (Fig. 4) to characterize changes in patch variability from the three spectral indices. Nevertheless, some slight differences could also be noticed. For the year of the fire event, no differences in evenness were detected by spectral indices, with maximum dissimilarities for richness. Moreover, the year after the fire, only diversity and evenness measured from NDVI revealed an increase in variability. Figure 6 plots the variance of the diversity (H 0 ) against thematic resolution, showing different responses for the three spectral indices. TCW did not show any visible pattern in this sense (F = 2.227, P = 0.155, df = 1), while a significant slope break was detected at the 9-classes scale for NDVI (F = 4.679, P = 0.046, df = 1). NBR also detected a slight but not significantly break at that resolution (F = 3.194, P = 0.093, df = 1). Therefore, a scale dependency occurred at this intermediate thematic resolution. As a consequence, results obtained at this scale can be transferred to the other proposed thematic levels.
Classes of environmental variability dynamics: relevant drivers
Cluster analysis yielded high agglomerative coefficients, ranging from 0.955 to 0.858. We obtained nine groups of patches (three groups for each spectral index) with similar dynamics of environmental variability (note that groups based on the TCW index were rejected because of their poor performance). These classes were then grouped into three final classes (Table 3 ; Fig. 7 ), which were modelled to predict their occurrence from a set of environmental variables. Patches from classes 1 and 3 showed a strong increase in variability associated with fire events and a subsequent decrease. Class 1 was mainly explained by the altitude (i.e. elevations below 1,300 and above 1,750 m.a.s.l.) and a high spatial heterogeneity of fire severity, while class 3 was associated with low severity fires. Patches from class 2 had the highest variability (before and after fire), reaching a maximum in the first recovery year and showing more consistency through time. They were linked to a high shrubland frequency ([0.5), a low and/or high heathland frequency (\0.35 and [0.75) and a high mean fire severity. 
Discussion
Temporal changes in patch variability: the role of the thematic scale and the spectral indices Many authors have studied ecosystem resilience to fire in Mediterranean systems on the basis of estimations of vegetation cover at either local (from field data; e.g. Calvo et al. 2002) or regional scales (from spectral values derived from remote-sensing sources; e.g. Díaz-Delgado et al. 2002) . The present study offers a complementary approach which allowed the characterization of secondary succession in disturbed patches at different thematic scales, on the basis of environmental variability estimated from satellite data. Variability strongly determines the number and distribution of available habitats and, therefore, is a more relevant determinant of species occurrence (Dufour et al. 2006 ) than vegetation cover in itself. We have shown that, while this system was characterised as highly resilient based on estimates of vegetation cover (Lozano et al., unpublished data) , longer time scales are required for these communities to fully recover pre-fire levels of environmental variability. This fact highlights the need to combine different approaches to describe ecological complexity in a more realistic way.
We found that patches regained most of their prefire structural properties during the 2 years following the disturbance. This high resilience to fire has also been found in other Mediterranean areas (Kutiel 1994; Díaz-Delgado et al. 2002; Riaño et al. 2002; Wittenberg et al. 2007) . In this sense, Pausas and Vallejo (1999) noted that, within the first year after a fire, vegetation cover reached 52.4% in north facing slopes. However, in terms of environmental variability, after the initially rapid regeneration, patches do not reach their original levels and slowly continued recovering, with peaks detectable in the third year, which may correlate with an increase in species richness, as noted by other authors (Ne'eman et al. 1995) . The level of patch variability achieved at the end of the full time span under study was, in general terms, still higher than that measured in the pre-fire state. This fact suggests that certain structural properties (i.e. diversity) require more time than others (i.e. vegetation cover) to fully recover, probably owing to different rates of ecological processes such as dispersion, colonization or competitive exclusion across the mosaic generated by the disturbance (Hurtt and Pacala 1995; Dufour et al. 2006 ). According to Keely (1991) , most species massively disperse their propagules in spring and summer (prior to autumn The final class assigned to each group, the number of observations (n) and the errors are shown for each dynamic fires) through passive mechanisms, which may cause a delay in recovery for seeders. Therefore, a primary determinant of similarities between pre-and post-fire states is the dominance of seeders or resprouters in the community, with greater similarities detectable between both states when resprouting species dominate (Keely et al. 2005) , as is the case in this study. This is relevant for biodiversity because higher variability implies that more varied environmental conditions and, thus more species, can coexist (Statzner and Moss 2004) .
Ecological processes operate at a range of scales in the landscape. Therefore, ecological systems become structured in hierarchies which are specific to each phenomenon, comprising different levels of organization relevant at different scales (Allen and Starr 1982; O'Neill et al. 1986; Urban et al. 1987; Kotliar and Wiens 1990; Wu and David 2002) . As a consequence, the scale chosen for examining these processes affects the way in which the system is perceived (He and Gaston 2000) . Ecological studies frequently use area-based information derived from field surveys, aerial photography or remote sensing sources. Since the boundaries of these areal units (plots, pixels) are usually arbitrary (or constrained by the resolution of available data), the procedure of defining/changing the scale may show problems related to the Modifiable Areal Unit Problem (Openshaw and Taylor 1981; Jelinski and Wu 1996) . In this study, problems may arise from the aggregation of the same set of input data (one for each spectral index) into classes (three thematic resolutions), which often lead to error propagation and controversial results (Wu et al. 2000) . This problem should be further explored since it may have significant influences on the determination of relationships among organizational levels and the translation of information across scales. On the other hand, despite its relevance, the analysis of thematic resolution should be done in concert with modifying spatial and, if possible, temporal resolutions. When considering just one scale component, sound conclusions are not warranted. All three scale components are related, making it more relevant to analyze simultaneous scale effects.
In general terms, patch variability (measured as Shannon diversity) due to fire events showed similar patterns of temporal change across thematic resolutions. This is in concordance with Buyantuyev and Wu (2007) , who found that the effects of thematic resolution on many landscape metrics tend to show consistent general patterns. As expected, variability increased with thematic resolution. In this sense, many authors (e.g. Uuemaa et al. 2005) noticed that the effectiveness of metrics to monitor landscape patterns is highly influenced by the way that the map has been defined (i.e. depending on the level of detail of information). Bailey et al. (2007a, b) concluded that data of an intermediate level of thematic resolution are sufficient for general biodiversity monitoring, which is in accordance with our findings. Our patterns of temporal change differed according to the spectral index used to describe the environment, yielding different effects of scale-dependency on landscape perception at different thematic scales. The existence of these scale dependencies can be related to the fact that different species with different life traits perceive environmental variability caused by disturbance/recovery differently (e.g. specialist or poorly mobile species with preferences for homogeneous environments against generalist or highly mobile species living in heterogeneous landscapes; Suárez-Seoane and Baudry 2002).
Trends in environmental variability obtained from the three spectral indices were consistent, allowing for small differences. NDVI appears to perform best and TCW most poorly, a finding contrary to results achieved when evaluating vegetation cover by Lozano et al. (unpublished data) . Even if all indices are related to vegetation, each provides different properties. For example, NDVI is more closely linked to photosynthetic activity and NBR to water content and ground signals. Therefore, the former should provide better results when dealing with cover classes (vegetation variability) and the latter when exploring differences between bare soil and vegetation. It seems that photosynthetic activity is homogenised at a lower rate than water content and vegetation cover, which determines the influence of the ground signal.
Diversity, richness and evenness as indicators of environmental variability Many metrics have been used and ''misused'' to quantify landscape structure (Li and Wu 2004 ) during recent decades. Among them, diversity indices have been demonstrated as particularly appropriate for describing landscapes at detailed thematic resolutions while others, such as grain and dominance, work better at low thematic resolutions (Bailey et al. 2007a, b) . Here, we explored three diversity-based metrics (i.e. Shannon diversity, richness and evenness), founding similar trends of change through the study period. This contrasts with Yue et al. (2005) who found different tendencies when different diversity metrics were used to measure landscape patterns. In our case, we can conclude that the three metrics are redundant if used in combination, as they are providing similar information. This makes them useful and coherent indicators (Li and Wu 2004) of environmental variability only if used independently of each other, with richness providing the least timeconsuming measure. However, some differences between the three patch metrics were detected according to the behaviour of the three spectral indices when measuring the variability induced immediately after the disturbance event (year x), with greater similarity between richness and diversity than evenness. Such specific differences between indices can be due to the water content of the vegetation (related to TCW values), which seems to be more spatially homogeneous before and after the fire event than the features related to NDVI (photosynthesis) and NBR (ground signal, water content and others) (Lozano et al. 2007b (Lozano et al. , 2008 .
Classes of environmental variability dynamics: relevant drivers
A closer investigation of patch variability dynamics has shown three main classes of change which were strongly related, among other factors, to the severity of fire event, which seriously affects the resprouting capabilities of shrubland (Keely et al. 2005 ) and, therefore, determines post-fire recovery. Class 1 of patch variability dynamic was associated with the most heterogeneous pattern of fire severity, which was responsible for the creation of a mosaic of patches affected to differing degrees, as reflected in the highest peak in environmental variability during the fire event. The other relevant driver explaining this dynamic was elevation, probably because it is closely linked with radiation and precipitation, both largely determining vegetation recovery (Díaz-Delgado et al. 2002) . Radiation is less favourable to vegetation development because is associated with large water losses through evapotranspiration (an effect not compensated for by higher photosynthetic activity) (Röder et al. 2008 ), while precipitation is obviously related to higher water availability and, therefore, more rapid post-fire recovery. Class 2 occurred in patches where intense fires homogenized the heterogeneous pre-fire spatial pattern, which very quickly recovered (after 1 year). This may be explained by: (1) the positive relationship between fire severity and shrubs found by Keely et al. (2005) , who theorized that this may be due to the effect of high temperatures on the stimulation of dormant seed banks, which benefits non-resprouting species; (2) scarce vegetation cover before the fire or presence of rocky formations in the mosaic, (3) initially heterogeneous water availability (e.g. patches close to a water course) or (4) human-related changes. Class 3 was characterised by very rapid recovery associated with low severity fires; in this case, temporary habitats created by the fire do not persist for long and are rapidly recolonized.
General conclusions
Monitoring spatial and temporal changes in patch variability on a regular basis is a valuable tool for defining conservation measures for species living in fire-affected areas. This paper provides a methodological framework useful for environmental managers to design policies related to vegetation post-fire recovery management on the basis of remote-sensed data. The method, which explicitly considers spatial heterogeneity, allowed us to (1) identify general trends in environmental variability; (2) understand the most crucial environmental factors affecting those trends; (3) identify levels of organisation within the system and scale dependencies where scale transfers are possible. The combination of ecological (i.e. patch variability metrics) and spectral indices has shown promising results that should be further explored.
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